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Abstract
Smoking is considered the major risk factor for lung cancer, but only a small portion of female lung
adenocarcinoma patients are associated with smoking. Thus, identifying crucial genes and pathways
related to nonsmoking female lung cancer patients is of great importance. Gene expression profiles
were downloaded from the Gene Expression Omnibus (GEO) and the Cancer Genome Atlas
(TCGA) databases. The R software packages were applied to screen the differentially expressed
genes (DEGs). GO term enrichment and KEGG pathway analyses were carried out using DAVID
tools. The protein-protein interaction (PPI) network was constructed by Cytoscape software. In
total, 487 downregulated and 199 upregulated DEGs were identified. The down-regulated DEGs
were mainly enriched for behavior and response to wounding, and the upregulated DEGs were
significantly enriched for multicellular organismal metabolic process and cell division. The KEGG
pathway analysis revealed that the downregulated DEGs were significantly enriched for cell
adhesion molecules and neuroactive ligand-receptor interaction, while the upregulated DEGs were
mainly enriched for cell cycle and the p53 signaling pathway. The top 10 hub genes and top 3 gene
interaction modules were selected from the PPI network. Of the ten hub genes, a high expression of
five genes was related to a poor OS in female lung cancer patients who never smoked, including IL6,
CXCR2, FPR2, PPBP and HBA1. However, a low expression of GNG11, LRRK2, CDH5, CAV1 and
SELE was associated with a worse OS for the female lung cancer patients who never smoked. In
conclusion, our study provides novel insight for a better understanding of the pathogenesis of
nonsmoking female lung cancer, and these identified DEGs may serve as biomarkers for diagnostics
and treatment.
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Introduction
Lung cancer is the most incident and lethal
malignant tumor all over the world, with an estimated
1, 800, 000 new cases and 1, 600,000 deaths from this
disease in 2012 [1]. Lung cancer is currently on the rise
in female patients and represents the first cause of
cancer-related death [2]. Cigarette smoking is
considered the major risk factor for lung cancer, and it
is reported that approximately 15% of all male lung

cancer patients and 53% of female patients never
smoked. In addition, it is estimated that 25% of all
patients diagnosed with lung cancer worldwide are
not attributable to smoking [3, 4]. Furthermore, lung
cancer in non-smokers has been rising over time,
showing a different carcinogenic pathway, clinicopathological characteristics, epidemiology and natural
history [4, 5].
http://www.jcancer.org
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Currently, there is little information about the
molecular mechanisms, biology markers and risk
factors of lung cancer in non-smoking female lung
cancer patients. Some recent studies report that
several key genes are related to lung carcinoma in
nonsmokers, such as the EGFR tyrosine kinase
domain mutation [6], the TP53 mutation [7], ALK
translocations [8], EML4-ALK fusion [9], and the loss
of mRNA and protein expression of hMSH2 [10]. A
variety of risk factors are considered to be involved in
the initiation of cancer in non-smokers, including
occupational exposure, second-hand smoke exposure,
cooking oil fumes, indoor and outdoor air pollution,
coal fumes, previous diseases and genetic factors [5,
11]. However, the molecular mechanisms of the
tumorigenesis and development of lung cancer in
nonsmoking women still remain unclear.
In the present study, the microarray data
GSE19804 and GSE31210 were downloaded from the
Gene Expression Omnibus (GEO, http://www.ncbi.
nlm.nih.gov/geo) database. We identified never
smoking female lung cancer patients associated
differentially expressed genes (DEGs) between the
cancerous and normal samples using a bioinformatics
analysis. Subsequently, we performed GO term and
KEGG pathway enrichment analyses, as well as a
protein–protein interaction (PPI) analysis to screen the
crucial genes and pathways that were closely
associated with female lung cancer patients who
never smoked. This study promotes our understanding the molecular mechanism of tumor
development in nonsmoking women with lung cancer
and provides potential target genes for diagnosis,
prognosis, and drug design.

Methods and materials
Acquisition of the microarray data
Two gene expression profiles (GSE19804 and
GSE31210) were obtained from the Gene Expression
Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo)
database, which were based on the Affymetrix
Human Genome U133 Plus 2.0 Array. The GSE19804
dataset was submitted by Lu et al., including 60
nonsmoking female lung cancer tissue samples and 60
normal samples [12]. The microarray data of GSE31
210 was submitted by Kohno T, which contained 246
samples, and consisted of 98 female lung cancer
patients who never smoked and 4 normal female lung
tissues [13].

Data preprocessing and DEGs identifying
The raw data were preprocessed and normalized
by using the affy package (http://www.bioconductor
.org/packages/release/bioc/html/affy.html) under
the R environment (version 3.3.4, https://www.r-
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project.org/). The sva package (https://bioconductor.
org/packages/release/bioc/html/sva.html)
and
pamr package (https://cran.r-project.org/web/pack
ages/pamr/index.html) were used to remove the
batch effects. The probe annotation files were downloaded from GEO. In order to handle the probes that
corresponded to one gene, the average value was
regarded as the gene expression level. Following
preprocessing, the limma package (https://biocond
uctor.org/packages/release/bioc/html/limma. html)
from Bioconductor was used to identify the DEGs
based on Empirical Bayes method between the lung
cancer samples and normal lung samples. All the P
value less than 0.05 were considered significantly
different.

GO and Functional enrichment analyses
The biological function of the DEGs was
investigated by a GO enrichment analysis, which is
comprised 3 terms, including biological process (BP),
molecular function (MF) and cellular component
(CC). The Kyoto Encyclopedia of Genes and Genomes
database (www.genome.jp/kegg/) includes genomic,
chemical, functional and metabolic information [14].
The Database for Annotation, Visualization and
Integrated Discovery (DAVID, http://david.abcc.
ncifcrf.gov/) is a powerful gene function analysis tool
[15]. In the present study, the GO and KEGG pathway
enrichment analysis were executed using DAVID
online tools with a P value less than 0.05 and gene
number more than 5.

PPI network construction and module analysis
The search Tool for the Retrieval of Interacting
Genes (STRING, http://www.string-db.org/) database is an online tool for exploring protein–protein
interactions. The PPI information from the DEGs was
obtained from the STRING database and was further
constructed by using Cytoscape 3.4.0 software.
Subsequently, the plug-in Molecular Complex
Detection (MCODE) in Cytoscape was applied to
screen module with scores >3 and node counts >5.
Moreover, the function and pathway enrichment
analyses were performed using the plug-in Biological
Network Gene Ontology tool (BiNGO). P less than
0.05 was treated as a significant difference.

Data validation
To
validate
the
data
reliability
and
reproducibility, we downloaded the RNA sequencing
and clinical data of female lung cancer patients who
never smoked from the Cancer Genome Atlas (TCGA,
https://cancergenome.nih.gov/). The DEGs were
screened by R packages. All the P value less than 0.05
were considered significant differences.
http://www.jcancer.org
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Results
Selecting the DEGs in female lung cancer
patients who never smoked
The GSE19804 and GSE31210 datasets were
downloaded from the GEO database. A total of 158
lung cancer samples and 64 normal lung samples
were analysed. The software R was used to process
these microarray data and detect the DEGs. Based on
the R analysis, altogether 2844 DEGs were identified;
of which, 686 DEGs met our selection criteria (P<0.05,
fold change ≥2.0), including 199 up-regulated and 487
down-regulated genes (Figure 1). The expression level
of the top 100 DEGs is shown in Figure 2.
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activity, extracellular matrix structural constituent,
platelet-derived growth factor binding and enzyme
inhibitor activity (Figure 4). Additionally, the results
for the cellular component (CC) analysis showed that
the downregulated DEGs were mainly enriched in
extracellular matrix, proteinaceous extracellular
matrix, integral to plasma membrane, intrinsic to
plasma membrane and plasma membrane part
(Figure 3), and the upregulated DEGs were notably
enriched in spindle, spindle pole, fibrillar collagen,
microtubule cytoskeleton and extracellular region
(Figure 4).

GO analysis of the DEGs
To learn more about the function of the
identified DEGs, we uploaded these genes to the
online tool DAVID to determine the GO classifications
and pathways. The results indicated that the downregulated DEGs were mainly enriched in the
biological processes (BP) associated behavior,
response to wounding, regulation of cell proliferation,
blood vessel morphogenesis, chemotaxis, taxis, and
biological adhesion (Figure 3). The up-regulated
DEGs were significantly enriched in multicellular
organismal metabolic process, cell division, multicellular organismal macromolecule metabolic process
and cell cycle phase (Figure 4). As for molecular
function (MF), the downregulated DEGs were mainly
enriched in cytokine activity, heparin binding,
cytokine binding, glycosaminoglycan binding and
pattern binding (Figure 3). The overexpressed DEGs
were significantly enriched in metallopeptidase

Figure 1. Volcano plot of 2844 differentially expressed genes. Red:
up-regulation with fold change of more than 2; green: down-regulation with a
fold change of more than 2; blue: unchanged genes.

Figure 2. Heatmap of the top 100 differentially expressed genes with a fold change of more than 2. Red: up-regulation; green: down-regulation.

http://www.jcancer.org
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Figure 3. Gene ontology and KEGG pathway analyses results of the down-regulated differentially expressed genes with a fold change of more than 2. BP: biological
process; CC: cellular component; MF: molecular function.

Figure 4. Gene ontology and KEGG pathway analyses results of the up-regulated differentially expressed genes with a fold change of more than 2. BP: biological
process; CC: cellular component; MF: molecular function.

http://www.jcancer.org
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KEGG pathway analysis of the DEGs
As shown in Figure 3D, the downregulated
DEGs were significantly enriched for cell adhesion
molecules (CAMs), neuroactive ligand-receptor
interaction, the TGF-beta signaling pathway, vascular
smooth muscle contraction, leukocyte transendothelial migration and the chemokine signaling
pathway. The upregulated DEGs were mostly
enriched in ECM-receptor interaction, cell cycle, focal
adhesion, the p53 signaling pathway and oocyte
meiosis (Figure 4D).
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Table 1. Prognostic value of the ten hub genes in the female lung
cancer patients who never smoked.
Gene name
IL6
GNG11
CXCR2
LRRK2
CDH5
FPR2
PPBP
CAV1
HBA1
SELE

HR with 95% CI
2.5(1.32, 4.73)
0.49(0.25,0.98)
3.38(1.2-9.54)
0.24(0.08-0.72)
0.28(0.15-0.54)
2.56(1.36-4.82)
2.12(1.11-4.02)
0.22(0.09-0.52)
2.19(1.16-4.15)
0.34(0.18-0.65)

P value
3.5 e-03
0.038
0.015
5.5e-03
3.5e-05
2.5e-03
0.02
1.6e-04
0.014
6e-04

HR: Hazard ratio; CI: Confidence interval.

Module screening from the PPI network
The PPI network was constructed using
Cytoscape software, which included 641 nodes and
2255 edges. The hub genes were interleukin 6 (IL6),
guanine nucleotide binding protein gamma 11
(GNG11), chemokine (C-X-C motif) receptor 2
(CXCR2), leucine-rich repeat kinase 2 (LRRK2),
cadherin 5 (CDH5), formyl peptide receptor 2 (FPR2),
pro-platelet basic protein (PPBP), caveolin 1 (CAV1),
hemoglobin, alpha 1 (HBA1), and selectin E (SELE).
These genes may play vital roles in the progression of
lung cancer in females who never smoked. A total of
641 nodes were further analyzed by employing the
plug-ins MODE and BiNGO to detect potential
modules. The top 3 significant modules were
acquired, and were enriched in nuclear division,
chemotaxis and calcium-independent cell-cell
adhesion, respectively (Figure 5).

Prognostic value of ten hub genes
The prognostic value of ten hub genes in the PPI
network was evaluated by using Kaplan-Meier plotter
(www.kmplot.com). The overall survival(OS) for
female lung cancer patients was calculated on the
basis of the high and low expression of each gene. The
results showed that a high expression of IL6 (HR=2.5,
95% CI: 1.32-4.73, P=0.0035) was negatively associated
with OS in female lung cancer patients who never
smoked, as well as CXCR2 (HR=3.38, 95% CI: 1.2-9.54,
P=0.015), FPR2(HR=2.56, 95% CI: 1.36-4.82, P=0.0025),
PPBP (HR=2.12, 95% CI: 1.11-4.02, P=0.02) and
HBA1(HR=2.19, 95% CI: 1.16-4.15, P=0.014) (Table 1).
However, low GNG11 (HR=0.49, 95% CI: 0.25-0.98,
P=0.038), LRRK2(HR=0.24, 95% CI: 0.08-0.72, P=
0.0055), CDH5(HR=0.28, 95% CI: 0.15-0.54, P=3.5e-05),
CAV1(HR=0.22, 95% CI: 0.09-0.52, P=1.6e-04) and
SELE(HR=0.34, 95% CI: 0.18-0.65, P=6e-04) expressions were related with a worse OS for female lung
cancer patients who never smoked (Table 1). In
addition, we also found that the expression of LRRK2,
CDH5, PPBP and HBA1 showed no significant
correlation with the OS of smoking female lung cancer
patients (All P > 0.05, Figure 6).

Data validation
A total of 238 lung cancer samples and 24 normal
lung samples were obtained from TCGA. After the R
analysis, 3056 DEGs were identified according to our
screening criteria (adj.P<0.05, |logFC|≥2.0), which
consisted of 2223 up-regulated and 833 downregulated genes. Among these DEGs, 1306 genes were
classified as RNA genes or pseudogenes. In this study,
we focused on the genes that had consistent
expression patterns in the TCGA. When we compared
the hub genes from the PPI network, we found that
GNG11, LRRK2, CDH5, FPR2, PPBP, CAV1, and
HBA1 showed similar expression proﬁles in the
datasets from GEO (GSE19804 and GSE31210).
Notably, although IL6, CXCR2 and SELE did not meet
the screening criteria in our present work (all |logFC|
< 2.0), they were also down-regulated in the lung
cancer samples from TCGA.

Discussion
Lung cancer is the leading cause of death all
around the world and brings about significant
socioeconomic implications for patients, families and
society as a whole. Smoking is strongly associated
with the occurrence of lung cancer. However, most
women with lung cancer were never smokers. Understanding the molecular mechanism of nonsmoking
female lung cancer is of important clinical significance
for diagnosis and treatment. In this study, we
obtained gene expression data from the GSE19804 and
GSE31210 datasets, and selected 199 upregulated and
487 downregulated DEGs between the lung cancer
sample and normal lung tissues. The function and
pathway analyses displayed that these DEGs were
mainly enriched in the regulation of cell proliferation,
multicellular organismal metabolic process, cell
division, cell adhesion molecules, neuroactive ligandreceptor interaction, and ECM-receptor interaction.
We also determined several crucial genes that might
offer novel clues for diagnostic and treatment research
in women with lung cancer who never smoked.
http://www.jcancer.org
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Figure 5. Module analysis of the PPI network. (a): module 1; (b): GO analysis of module 1; (c): module 2; (d): GO analysis of module 2; (e): module 3; (f): GO analysis
of module 3.

A total of 158 female lung cancer samples and 64
normal lung samples were retrieved from the
microarray data GSE19804 and GSE31210. All the data
were extracted and analyzed using statistical software
R. This research, altogether, identified 2844 DEGs, and
among these, 686 DEGs showed a fold change of more
than 2, and were comprised of 199 upregulated and
487 downregulated genes. Accumulating evidence
shows that co-expressed genes are usually composed
of a set of genes with similar expression profiles,
which are also often involved in parallel biological
processes[16, 17] . To further investigate the
interactions of these DEGs, we carried out GO term

and KEGG pathway analyses.
In our study, the GO term analysis results
indicated that the downregulated DEGs were mainly
enriched in response to wounding, regulation of cell
proliferation, blood vessel morphogenesis, cytokine
activity, and extracellular matrix, and the upregulated
DEGs were significantly enriched in multicellular
organismal metabolic process, cell division, cell cycle
phase, metalloendopeptidase activity, and spindle.
Response to wounding means a change in the state or
activity of a cell or a stimulus indicating damage to
the organism, which is closely related to the
occurrence and development of various diseases
http://www.jcancer.org
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[18-20]. Dysfunction of the regulation of cell
proliferation, blood vessel morphogenesis, cell
division and cell cycle are critical causes of
tumorigenesis and cancer progression [21-23]. The
KEGG pathways analysis suggested that the
downregulated DEGs were significantly enriched in
cell adhesion molecules, neuroactive ligand-receptor
interaction, the TGF-beta signaling pathway, vascular
smooth muscle contraction, leukocyte transendothelial migration and the chemokine signaling
pathway. Cell adhesion molecules play important
roles in tumorigenesis, progression, invasion and
metastasis. Previous studies show that the loss of the
function or the expression of some adhesion
molecules could promote cell invasion and metastasis
in lung cancer [24]. The endothelium is the first
obstacle that leukocytes must overcome when they
are recruited to the site of inflammation. Therefore,
inhibiting leukocyte transendothelial migration is of
much importance to the occurrence of a variety of
inflammatory related diseases [25]. The up-regulated
DEGs were mainly enriched for ECM-receptor
interaction, cell cycle, focal adhesion, and the p53
signalling pathway. Recent studies show that the
overexpression of some cell cycle-related genes
predicts a poor prognosis as well as promotes tumor
progression and drug resistance in lung cancer [19,
26]. Previous studies indicate that lung cancer cells
and CCD32 normal cells interact by cell–cell contacts,
which are strictly dependent on ECM components
[27]. Furthermore, the relationship between a
disturbance in the p53 signaling pathway and lung
cancer is extensively researched [28, 29].
In addition, we also constructed a PPI network of
the DEGs and identified the top 10 hub genes,
including IL6, GNG11, CXCR2, LRRK2, CDH5, FPR2,
PPBP, CAV1, HBA1 and SELE. IL6, with the highest
degree of connectivity in the PPI network, is an
important
immunomodulatory
cytokine
that
functions in inflammation and the maturation of B
cells. IL6 promotes cachexia in lung adenocarcinoma,
and high IL6 levels are associated with a worse
prognosis in lung cancer patients [30, 31], which is
consistent with our results. The second hub gene
GNG11, as a crucial member of the gamma subunit
family of G protein, plays an important role in the
transmembrane signaling system. GNG11 is reported
to induce cellular senescence in human fibroblasts,
and inhibits SUSM-1 cell growth [32] but not HeLa
cell growth [33]. However, the specific biological
function of GNG11 in lung cancer still unknown.
FPR2 is a Gi-protein-coupled receptor that is
mainly involved in antibacterial host defense and
inflammation. Previous studies show that the
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overexpression of FPR2 participates in restraining the
epithelial mesenchymal transition of A549 lung cancer
cells [34].CXCR2, a key chemokine receptor, mediates
the initiation and progression of various cancers
including lung carcinoma, prostate cancer, breast
cancer, and colorectal carcinoma [35]. Moreover,
PPBP is a platelet-derived growth factor that belongs
to the CXC chemokine family. Recent studies reveal
that PPBP is significantly increased in lung cancer
tissue and blood samples and serves as a novel
diagnostic biomarker for lung carcinoma [36, 37].
Thus far, the biological functions of PPBP in lung
cancer remain unclear. LRRK2 is a member of the
leucine-rich repeat kinase family, and it is related to a
variety of human diseases, such as Parkinson’s
disease, cancer, Crohn's disease and leprosy, but little
know about its physiological effects [38]. Both CDH5
and SELE are adhesion molecules, but the former is a
classical cadherin of the cadherin superfamily and the
latter is the part of the selectin family. Cell adhesion
molecules contribute significantly to tumorigenesis
and tumor progression [24, 39]. In our present study,
we identified that the expression of LRRK2 and CDH5
were decreased in female lung cancer patients who
never smoked and was negatively associated with OS.
However, there was no significant correlation
between LRRK2 or CDH5 and OS in smoking female
lung cancer patients. Therefore, we have reason to
believe that LRRK2 and CDH5 play an important role
in the pathogenesis of lung cancer in females who
never smoked. CAV1, a main component of the
caveolae plasma membranes, plays an important role
in the Ras-ERK pathway and in promoting cell cycle
progression. Furthermore, CAV1 is closely related to
lung cancer drug resistance [40].
The module analysis of the PPI network revealed
that the progression of non-smoking female lung
cancer was associated with nuclear division,
chemotaxis and calcium-independent cell-cell
adhesion. DNA damage is the leading cause of cancer
and nuclear division index is an important indicator
of DNA damage [41]. Abnormal nuclear division is
closely related to the occurrence of multiple cancers
[41, 42]. Chemotaxis is reported to correlate with
tumorigenesis. Mesenchymal stromal cells and
macrophage chemotaxis are important drivers of the
malignant phenotype for lung cancer [43]. In addition,
calcium-independent cell-cell adhesion plays a critical
role in the regulation of various cellular processes,
such as polarization, cell adhesion, cell–cell contact
formation, movement, survival, and proliferation.
Adhesion molecules are implicated in the
development and carcinogenesis of a wide variety of
tumors [44, 45].

http://www.jcancer.org
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Figure 6. Prognostic value of four genes in female lung cancer patients. Prognostic value of CDH5(A), HBA1(C), LRRK2(E), and PPBP(G) in female lung cancer
patients who never smoked. Prognostic value of CDH5(B), HBA1(D), LRRK2(F), and PPBP(H) in smoking female lung cancer patients.

http://www.jcancer.org
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In sum, we identified some crucial genes and
pathways that were closely correlated with lung
cancer tumorigenesis and cancer progression in
females who never smoked by a bioinformatics
analysis of the DEGs between the cancer tissues and
normal lung tissues. These results provide more
detailed clues for understanding the molecular
mechanism of the pathogenesis of lung cancer in
females who never smoked and to identify potential
diagnostic biomarkers and therapeutic targets.
However, further molecular biological experiments
are needed to verify these findings.
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